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METHOD OF OCCUPANCY CLASSIFICATION 
INAVEinCLESEAT 

BACKGROUND OF THE INVENTION 

1. Field of the Invention 

[0001 ] The present invention relates, generally to the recognition of a physical presence in a 
seat and, more specifically, to a method of recognizing and classifying the occupancy of a vehicle 
seat having an occupancy sensing system. 

2. Description of the Related Art 

[0002] Automotive vehicles employ seating systems that accommodate the passengers of the 
vehicle. The seating systems include restraint systems that are calculated to restrain and protect the 
occupants in the event of a collision. The primary restraint system commonly employed in most 
vehicles today is the seatbelt. Seatbelts usually include a lap belt and a shoulder belt that extends 
diagonally across the occupant's torso firom one end of the lap belt to a mounting structure located 
proximate to the occupant's opposite shoulder. 

[0003] In addition, automotive vehicles may include supplemental restraint systems. The 
most common supplemental restraint system employed in automotive vehicles today is the inflatable 
airbag. In the event of a collision, the airbags are deployed as an additional means of restraining and 
protecting the occupants of the vehicle. Originally, the supplemental inflatable restraints (airbags) 
were deployed in the event of a collision whether or not any given seat was occupied. These 
supplemental inflatable restraints and their associated deployment systems are expensive and over 
time this deployment strategy was deemed not to be cost effective. Thus, there became a recognized 
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need in the art for a means to selectively control the deployment of the airbags such that deployment 
occurs only when the seat is occupied. 

[0004] Partially in response to this need, vehicle safety systems have been proposed that 
include vehicle occupant sensing systems capable of detecting whether or not a given seat is 
occupied. The systems act as a switch in controlling the deployment of a corresponding air bag. As 
such, if the occupant sensing device detects that a seat is xmoccupied during a collision, it can 
prevent the corresponding air bag from deploying, thereby saving the vehicle owner the unnecessary 
cost of replacing the expended air bag. 

[0005] Furthermore, many airbag deployment forces and speeds have generally been 
optimized to restrain one hundred eighty pound males because the one hundred eighty pound male 
represents the mean average for all types of vehicle occupants. However, the airbag deployment 
force and speed required to restrain a one hundred eighty pound male exceeds that which are required 
to restrain smaller occupants, such as some females and small children. Thus, there became a 
recognized need in the art for occupant sensing systems that could be used to selectively control the 
deployment of the airbags when a person below a predetermined weight occupies the seat. 

[0006] Accordingly, other vehicle safety systems have been proposed that are capable of 
detecting the weight of an occupant. In one such air bag system, if the occupant's weight falls below 
a predetermined level, then the system can suppress the inflation of the air bag or will prevent the air 
bag from deploying at all. This reduces the risk of injury that the inflating air bag could otherwise 
cause to the smaller-sized occupant. 

[0007] Also, many airbag deployment forces and speeds have generally been optimized to 
restrain a person sitting generally upright towards the back of the seat. However, the airbag 
deployment force and speed may inappropriately restrain a person sitting otherwise. Thus, there 
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became a recognized need in the art for a way to selectively control the deployment of an airbag 
depending on the occupant's sitting position. 

[0008] Partially in response to this need, other vehicle safety systems have been proposed 
that are capable of detecting the position of an occupant within a seat. For example, if the system 
detects that the occupant is positioned toward the front of the seat, the system will suppress the 
inflation of the air bag or will prevent the air bag from deploying at all. This reduces the risk of 
injury that the inflating air bag could otherwise cause to the occupant. It can be appreciated that 
these occupant sensing systems provide valuable data, allowing the vehicle safety systems to 
fimction more effectively to reduce injuries to vehicle occupants. 

[0009] One necessary component of each of the known systems discussed above includes 
some means for sensing the presence of the vehicle occupant in the seat. One such means may 
include a sensor device supported within the lower seat cushion of the vehicle seat. For example, 
U.S. published patent application having U.S. Serial No. 10/249,527 and Publication No. 
US2003/0 196495 Al filed in the name of Saxmders et al. discloses a method and apparatus for 
sensing seat occupancy including a sensor/emitter pair that is supported within a preassembled one- 
piece cylinder-shaped housing. The housing is adapted to be mounted within a hole formed in the 
seat cushion and extending from the B-surface toward the A-surface of the seat cushion. The 
sensor/emitter pair supported in the housing includes an emitter that is mounted within the seat 
cushion and spaced below the upper or A-surface of the seat cushion. In addition, the sensor is also 
supported by the housing within the seat cushion but spaced below the emitter. The cylindrical 
housing is formed of a compressible, rubber-like material that is responsive to loads placed on the 
upper surface of the seat cushion. The housing compresses in response to a load on the seat cushion. 
The load is detected through movement of the emitter toward the sensor as the housing is 
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compressed. The housing is sufficiently resilient to restore the emitter to full height when no load is 
applied to the upper surface of the seat cushion. The Saunders et al. system also includes a processor 
for receiving the sensor signals and interpreting the signals to produce an output to indicate the 
presence of an occupant in the seat. 

[0010] The sensors are arranged into a grid, or an array so that the sensors are collectively 
used to provide the raw input data as a depression or deflection pattem in the seat cushion. In this 
manner, systems of the type known in the related art take the data from the sensor array and process 
it, by a number of different means, in an attempt to determine the physical presence in the seat. A 
number of the prior art systems sense the defection of portions of the vehicle seat and attempt to 
discem from the sensor array data a recognized pattem that corresponds to one of the specified 
occupant classifications. To accompUsh the pattem recognition, the best of these newer systems take 
the data derived from the sensed seat occupancy and process it through an artificial neural network 
(ANN). ANNs are more commonly referred to as neural networks, or simply, neural nets. 

[001 1 ] In general terms, a NN is essentially an interconnected assembly of simple processing 
element units, or nodes. The processing ability of the network is stored in the inter-unit connection 
strengths, or weights, obtained by a process of adaptation to, or learning from, a set of training 
patterns. The NN may simply have an input and an output layer of units, or have an additional 
"hidden" layer or layers of units that internally direct the interconnection processes. The benefit to 
employing a NN approach is that, if properly trained, the NN will be able to generalize and infer the 
correct output responses from limited input data. Specifically in the case at hand, the NN based 
occupancy sensing systems determine that a physical presence is in a vehicle seat, recognize the type 
of physical presence by the sensor pattem it presents and pass this information to a restraint system 
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control to determine if the pattern classification requires deployment or suppression of the airbag or 
other restraints. 

[0012] Since a wide variety of individuals and objects (baby seats, for example) may be 
occupying a vehicle seat in a variety of seating positions, it is necessary to sort through a myriad of 
sensor array pattem inputs. However, for purposes of providing control inputs to a supplemental 
restrain system these large numbers of inputs from the sensor array are classifiable into a relatively 
small number of categories or classifications. When a NN to employed as a classification device for 
the variety of possible inputs, the NN must first be trained to understand the data it will receive. This 
is known as "supervised" learning, where the NN is provided both an input and the desired result. 
Supervised learning may be applied to a number of different known types of NNs, but the current 
methods used for classifying vehicle seat occupancy use one of the most common methodologies of 
"error back-propagation". 

[0013] In error back-propagation, which is known more simply as back-propagation (BP), the 
NN employs a "learning" rule whereby the weights of the unit connections are adjusted on the basis 
of the training data. The learning rule is essentially the algorithm used in the BP NN that will be the 
basis for deciding on how to classifying the actual incoming data, once the training is completed and 
the NN is put into use. During the training of a BP NN, the difference between the desired result and 
the actual output result of the NN for the given input provides an error that is used to adjust the 
connection weights. Changing the weights of the connections brings the NN results closer to the 
target result. The process of "back propagating" the determined "error" to adjust the connection 
weights gives this methodology its name. After training, the BP NN is tested, or vaUdated by giving 
it only input values and seeing how close it comes to outputting the correct target values. The 
training may be continued if the validation of the BP NN does not give the desired results. 
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[0014] While the use of back propagation in a NN is relatively well established and it is one 
of the most commonly employed NN methodologies, it has distinct disadvantages when used in a 
NN for pattem recognition and classification. Back propagation causes the NN to leam specific 
target resuhs rather than grouping the results into clusters or classifications. While this is useful and 
provides flexibility in many different applications, using a BP NN for pattem recognition and 
classification causes the BP NN to be confused and give non-sequitur results when attempting to 
classify a wide variety of possible inputs into relatively few target clusters of results, or 
classifications. In other words, the BP NN can be almost imbounded in its establishment of the 
number of possible results for the input data it processes, and even if it is limited to a specific 
number of outputs, it is unable to group a wide variety of somewhat similar results into clusters that 
are define as a class. Thus, when a BP NN based system is used for pattem recognition and 
classification, a series of additional steps are required to redefine all the specific targets results into - 
the desired pattem recognition classifications. A number of the current occupant classification 
systems employ extensive filtering and reforming of the data in and out of a NN to achieve better 
results with a BP NN. This is inefficient and introduces errors that cannot be compensated for. 
Secondarily, in a pattem recognition and classification application, the unbounded nature of a BP NN 
causes slow, tedious training with a correspondingly slow decision and computational process when 
put into practice. 

[0015] In regard to the clustering of output data into groups, it is known to use 
"unsupervised" learning with certain types of NNs to produce output clustering of data. Generally 
speaking in these cases, the NNs is provided with input data but not with target output data. Thus, 
the NN uses its learning algorithm and connection weighting to group the results it gets into clusters 
of similar results. This, by itself, does not work well for pattem recognition and classification as the 
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"unsupervised" NN provides its own groupings rather than any that might be desired and pre- 
determined. Thus, while well-designed NNs can perform complex decision-making from a wide 
variety of data inputs, the current methods of using a back propagation NN for classifying the 
occupancy of a vehicle seat are inefficient and often contain hidden computational errors. 
Furthermore, other NNs employing unsupervised learning can group the resultant outputs but cannot 
separate the results into any predetermined classifications. 

[0016] Accordingly, there remains a need in the art for a method of occupant classification 
for a vehicle seat that employs a NN that is trained by supervised learning to define a predetermined 
a set of classifications, and that is also capable of processing any available input data and separating 
the resultant output into predetermined classifications. 

SUMMARY OF THE INVENTION 

[0017] The disadvantages of the related art are overcome by the method of the present 
invention for recognizing and classifying a physical presence occupying a seat. The method includes 
the steps of sensing the output of an array of sensors that detect a physical presence in a seat, then 
applying the sensor array output to a trained neural net having a predetermined learning vector 
quantization algorithm. Further, the method includes recognizing the sensor array output as one of a 
variety of predetermined classification pattems that represent a physical presence in the seat defined 
by size, weight, and physical orientation. 

[0018] Thus, the present invention overcomes the limitations of the current methods of 
pattern recognition and classification for vehicle seat occupancy that use neural nets by providing a 
control method that employs a trained neutral net having a learning vector quantization algorithm. In 
addition, the method of the present invention overcomes the limitations of the current methods by 



7 



1 



Lear File No. 04362 (3883.00035) 

properly training a NN with an LVQ algorithm to provide accurate pattern recognition and 
occupancy classification for a vehicle seat having an occupancy sensing system. 

[0019] Other objects, features, and advantages of the present invention will be readily 
appreciated, as the same becomes better understood after reading the subsequent description taken in 
connection with the accompanying drawings. 

BRIEF DESCRIPTION OF THE DRAWINGS 

[0020] Figure 1 is an exploded view of a vehicle seat having a sensor array used for 
occupancy classification of the type that maybe employed with the method of the present invention 
to predict an empty seat condition; 

[0021] Figure 2 is an exploded view of a sensor from the sensor array of Figure 1; 

[0022] Figure 3 is a cross-sectional view of the sensor of Figure 2; 

[0023] Figure 4 is a schematic illustration of the output classes of a neural net trained with an 
unsupervised training method; 

[0024] Figure 5 is a schematic illustration of a neural net of the type that may be employed 
with the method of the present invention; 

[0025] Figure 6 is a block diagram flowchart of the method of the present invention for 
recognizing and classifying the occupancy in a vehicle seat having an occupancy sensing system; 

[0026] Figure 7 is a detailed block diagram flowchart of the method of the present invention 
for recognizing and classifying the occupancy in a vehicle seat having an occupancy sensing system; 
and 
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[0027] Figure 8 is a block diagram flowchart of the method of the present invention for 
supervised training of a neural net of the type that may be employed with the method of the present 
invention. 

DETAILED DESCRIPTION OF THE PREFERRED EMBODIMENT(S) 
[0028] Referring now to the drawings, where like numerals are used to designate like 
structure throughout the figures, an exploded view of one example of a vehicle seat assembly having 
an occupancy sensing system that may be employed with the method of the present invention is 
generally indicated at 10 in Figure 1 . The vehicle seat assembly 10 includes a seat back, generally 
indicated at 12, and a lower seat assembly, generally indicated at 14. The lower seat assembly 14 has 
a seat cushion 16 that defines an upper surface 18, and a lower surface 20 that is spaced from the 
upper surface 1 8. The upper surface 1 8 of the seat cushion 1 6 may be referred to as the "A-surface" 
and the lower surface 20 may be referred to as the "B-surface." The seat cushion 16 also defines an 
inboard side 22 and an outboard side 24. When an occupant (not shown) is supported on the lower 
seat assembly 14, the weight of the occupant will apply an axial load directed generally through the 
upper surface 18 of the seat cushion 16 toward the lower surface 20. Although the weight of the 
occupant will induce an axial as well as shear forces in the seat cushion 16, those having ordinary 
skill in the art will recognize that the primary load path of the occupant's weight will be substantially 
vertical from the upper surface 18 toward the lower surface 20, through the seat cushion 16. 

[0029] The lower seat assembly 14 also includes a seat pan, generally indicated at 26. The 
seat pan 26 is generally disposed beneath the lower surface 18 to support the seat cushion 16. In 
tum, the seat pan 26 is operatively supported relative to the floor of the vehicle using any suitable 
structure of the type commonly known in the art, such as a seat track (not shown). In addition, the 
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vehicle seat assembly 10 includes a vehicle occupant sensing system, generally indicated at 28. The 
vehicle occupant sensing system 28 is used for detecting a condition of the vehicle seat assembly 10, 
such as whether or not the vehicle seat assembly 10 is occupied, the size and weight classification of 
the occupant, or whether the occupant is sitting in a certain position. 

[0030] The occupant sensing system 28 includes a circuit carrier tray, generally indicated at 
30, that is supported by the seat pan 26. The circuit carrier tray 30 includes a plurality of resilient 
attachment tabs 32 extending upward toward the lower siu-face 20 of the lower seat cushion 1 6. Each 
attachment tab 32 is shaped like a partial ring that extends upward from the tray 30. In the preferred 
embodiment illustrated in Figure 1, the attachment tabs 32 are arranged into mirror image pairs 
spaced intermittently about the tray 30. The tray 30 supports components of the vehicle occupant 
sensing system 28 as will be described in greater detail below. 

[0031] The occupant sensing system 28 also includes a circuit carrier 34, which is disposed 
adjacent the lower surface 20 of the seat cushion 1 6. The tray 30 supports the circuit carrier 34, and 
the circuit carrier 34 includes a plurality of cutouts 36 each having a shape corresponding to the 
shape of the attachment tabs 32 of the tray 30 such that the tabs 32 can extend upward through the 
circuit carrier 34. 

[0032] The occupant sensing system 28 also includes an electric circuit 38, which is 
supported by the circuit carrier 34. Specifically, the circuit carrier 34 is made of a thin 
nonconductive and corrosion-resistant material, and it encapsulates known electrical components that 
form the electric circuit 38. For instance, in one embodiment, a flexible printed circuit forms the 
circuit carrier 34 and electric circuit 38. The circuit 38 is electrically connected to a controller 
schematically illustrated at 40. The electric circuit 38 carries electric signals generated by the vehicle 
occupant sensing system 28 to the controller 40. The controller 40 is electrically attached to a 
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supplemental restraint system (SRS), schematically illustrated at 42. The restraint system 42 can be 
of many types, such as an air bag system, and the controller 40 controls the restraint system 42 based 
on the signals delivered by the electric circuit 38. Although an airbag restraint system is discussed 
here, one having ordinary skill in the art will recognize that the type of restraint system 42 connected 
to the controller 40 does not limit the scope of the method of the present invention. 

[0033] The occupant sensing system 28 shown in this example also includes a plurality of 
sensor assemblies generally indicated at 44 that are supported by the tray 30, below the lower surface 
20 of the seat cushion 16. This plurality of sensor assemblies 44 collectively define a sensor array 
that is generally indicated at 45. As will be discussed in greater detail below, the particular sensor 
assemblies 44 shown herein have a relatively low profile and can collapse in a more compact manner 
than similar sensor assemblies of the prior art. Advantageously, these low profile sensor assemblies 
44 allow an occupant to sit more comfortably upon the vehicle seat 10. 

[0034] A sensor, generally indicated at 46, is operatively fixed relative to each of the low 
profile sensor assemblies 32. The sensor 46 is in electrical conmiunication with the electric circuit 
38. One example of a low profile sensor assembly that may be employed with the method of the 
present invention is shown in greater detail in Figures 2 and 3. The low profile sensor assembly 44 
generally includes a housing 48, having a base 50, an upper slide member 52, an intermediate guide 
member 54, and a base guide 58. The intermediate guide member 54 is disposed between the upper 
slide member 52 and the base 50. The upper slide member 52 and the intermediate guide member 54 
are both supported for movement toward and away fi-om the base 50. A biasing member 56 acts to 
bias the upper slide member 52 and intermediate guide member 54 away fi"om the base 50. 

[0035] The base guide 58 is shaped like a hollow tube so as to define a wall 60 with a bore 
62 extending axially there through to allow for axial movement of the intermediate guide member 
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54. The base 50 also includes a retainer portion 68, which is substantially disc-shaped and is 
attached to one terminal end of the base guide 58. Two resiUent tabs 70 extend radially and upward 
from an outer circumferential edge of the retainer portion 68. The tabs 70 are spaced 180*^ apart 
from each other. To connect the retainer portion 68 and the base guide 58, the retainer 68 moves 
axially into the bore 62 of the base guide 58 such that the tabs 70 of the retainer 68 snap into the 
apertures 66 of the base guide 58. 

[0036] The upper shde member 52 includes an upper disc portion 82 and a support wall 84 
extending axially downward from the outer circumference of the upper disc portion 82. The support 
wall 84 has a smaller diameter than the diameter of the intermediate guide member 54 such that the 
upper slide member 52 can move axially through the intermediate guide member 54. The biasing 
member 56 is disposed between the inner platform 78 of the base 50 and the upper disc portion 82 of 
the upper slide member 52. As shown in Figure 3, the base 50 can be attached to the annular 
attachment tabs 32 that extend upwardly from the tray 30. Specifically, the hold-down flanges 64 of 
the base guide 58 can be positioned under the annular attachment tabs 32 of the tray 30 such that the 
annular attachment tabs 32 retain the hold-down flanges 64. To attach the base 50 to the tray 30, the 
bottom surface of the base 50 is positioned on the tray 30 such that the hold-down flanges 64 and the 
annular attachment tabs 32 are not aligned. Then, the base 50 is rotated about its axis imtil the hold- 
down flanges 64 move completely under the annular attachment tabs 32. . 

[0037] An annular void 72 is formed near the axial center of the base 50. As shown in Figure 
3, the sensor 46 is a Hall effect sensor attached to the circuit carrier 34 between each pair of tabs 32 
of the tray 30. The upper disc portion 82 of the upper slide member 52 includes a retainer portion 
102 that accepts and retains an emitter 104, such as a magnet. The magnet thereby moves in axial 
relationship to the sensor 46 that is disposed upon and in electrical communication with the electric 
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circuit 38. Thus, the weight of an occupant will deform the seat cushion 16 such that the lower 
surface 20 of the lower seat cushion 16 pushes the upper slide member 52 toward the base 50. As 
the upper slide member 52 moves, the sensor 46 detects an increase in magnetic flux density 
generated by the approaching emitter 104. In this way, the sensor 46 is operable to detect movement 
of the upper slide member 52 toward and away from the base 50. In tum, the sensor 46 generates a 
responsive signal indicative of the increase in flux density, and the controller 40 controls the restraint 
system 42 based on these signals. The sensor assembly 44 is described in greater detail in a co- 
pending application. Serial No. , entitled "Vehicle Occupant Sensing System Having a 

Low Profile Sensor Assembly," which is hereby incorporated in its entirety by reference. The 
electrical attachment between the sensor 46 and the circuit carrier 34 can be accomplished in the 

manner described in a co-pending application, Serial No. , entitled "Vehicle Occupant 

Sensing System and Method of Electrically Attaching a Sensor to an Electrical Circuit," which is 
hereby incorporated in its entirety by reference. 

[0038] In this manner, the sensor array assembly 45, through the combined output of the 
sensors 46 forms a portion of a vehicle seat occupancy sensing system that is associated with the 
supplemental restrain system (SRS) 42. The sensor array 45 is utilized to provide data to a neural 
net, which classifies the pattern generated by the sensor array 45 to allow the SRS control system to 
activate or suppress the deployment of the airbags. More specifically, when a physical presence 
occupies the vehicle seat, the collective sensor outputs of the sensors 46 in the sensor array 45 
produce a particular pattern that the NN recognizes as belonging to a certain group of pattems (i.e. a 
cluster or classification). If the pattern is one that falls into a classification that it has been 
predetermined that it is desirable to deploy the airbag in the event of an impact, the SRS control 
system will be prepared to do so. If the pattem is one that falls into a classification that it has been 
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predetermined that it is not desirable to deploy the airbag in the event of an impact, the SRS control 
system will take steps to suppress the deployment. Furthermore, the classification of the recognized 
pattem also provides the SRS control system with the capability to control the rate and percentage of 
airbag deployment if the SRS system is so designed. 

[00391 As previously discussed, some prior art occupancy sensing systems have employed 
NN processing to attempt to discem the occupancy of a vehicle seat. However, the prior art systems 
employ NN approaches that are generally inadequate for the pattem recognition and classification 
needs of an occupancy sensing system having a sensor array. The conventional NN approaches use 
"unsupervised" networks, also known as "self-organizing networks" or SOMs, meaning self- 
organized mapping. Self-organizing networks rely only on input data and try to find structures in the 
input data space to define the output. The '^unsupervised" term relates to the training of the NN. 
How the NN is trained is key to the manner in which it operationally processes data. In unsupervised 
training, the training algorithm provides the NN with inputs but no desired output classes or 
grouping. Therefore, since there is no "correct" or "incorrect" output "answers" the training is 
unsupervised and the NN itself is firee to develop it own class boundaries. 

[0040] The unsupervised training of the NN results in the development of a large number of 
outputs in the form of vector expressions that have mathematical components representing direction 
and magnitude. These vector expressions represent the output classes and are known as codewords. 
The set of codewords form the vector codebook. Together, the codewords not only defme the 
various classes in the group they also define the associated class boundaries. Thus, the codewords 
are more commonly referred to as codebook vectors. When unsupervised NNs are employed for 
pattem recognition, the input is supplied as a vector expression and the output is matched to one of 
the set of stored codebook vectors and the best match is chosen. In this sense, a best match refers to 
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identifying the stored codebook vector of which the processed vector expression is closest to in 
Euchdean distance. As an example, Figure 4 graphically illustrates an unsupervised NN generally 
indicated at 1 10. A series of codebook vectors 1 12 have defined boundaries 1 14 that represent four 
classes 116. The unsupervised training produces only one codebook vector for each class. Due to the 
unsupervised training, these types of NN can become essentially unbounded by producing a large 
number of classes where only a small number is desired in pattem recognition applications. As 
previously mentioned, other conventional NN approaches in occupancy sensing systems employ 
supervised networks using error back propagation (BP). While the BP NNs having supervised 
training offer improvements over the unsupervised NNs, they still suffer firom the same general 
drawbacks in terms of unboxmded classes or classifications. More precisely, even though BP NNs 
train on specific data inputs to yield specific output results, they do not develop groups or classes of 
output results to deal with similar but un-trained data inputs when operational. 

[0041] The method of the present invention employs another type of NN that has some 
similarities to both the unsupervised and supervised types. The NN that employs the method of the 
present invention is a Leaming Vector Quantization (LVQ) network that is specifically used for 
pattem recognition and classification. This particular type of NN uses supervised training to 
establish its codebook vectors and classes and then "learns" by adjusting its output boundaries to fit 
the desired classes. Like unsupervised networks, the LVQ network is based on a set of codebook 
vectors. Each class also has a subset of the codebook vectors associated to it. The positions of the 
codebook vectors are obtained with a supervised training algorithm. In this case, a specific training 
set of vector input samples are provided to the NN with the goal of producing specific resultant 
outputs. Then the codebook vectors, also referred to as output units are adjusted by additional 
weight vectors to provide the desired outputs and class boundaries. As with the other types of NNs, 
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the LVQ NNs may have somewhat different structures depending upon the specific appUcation. It 
should be appreciated that the method of the present invention is not limited by any particular LVQ 
NN structure. 

[0042] By way of non-limiting example. Figure 5 graphically rq)resents a portion of an LVQ 
NN that may be employed by the method of the present invention. The LVQ NN is generally 
indicated at 120 and has an input layer 122 with "Xn" number of input modes 124 and an output layer 
126 that has "m" nimiber of classes 128. For the NN 120 illustrated in Figure 5, each class 128 has 
at least two output nodes 1 30. The output nodes 1 30 are representations of the codebook vectors that 
define the classes 128. As shown, each codebook vector may or may not have additional vector 
weights "W" added to the node interconnections 140. The weights are added during the training to 
fiirther define the Euclidian position of the codebook vectors and thereby the class boundaries. In 
this manner, during the training of the LVQ NN the boundaries of the classes will change their 
shapes and sizes to reflect the greater weights given to some of the output units over others with 
respect to the inputs. To better define the class boundaries, more than one codebook vector is 
defined for each class. 

[0043] When training the LVQ NN so that it may be employed with the method of the 
present invention, vector expressions from the output of the sensor array 45 are presented to the NN 
and the interconnections to the output units are weighted to "leam" to produce the desired responses. 
This "leam by example" strategy that uses specific inputs to develop the desired responses in the 
classification model is the "supervised" training approach. It should be appreciated that the raw data 
from the sensors 46 may need to be preprocessed in some manner as to make it compatible to input 
to the NN. This generally requires at least a simple analog to digital conversion and formatting to 
vector terms, but may also include other filtering processes. These input vector expressions from the 
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sensor array correlate to the physical depressions formed in the vehicle seat by the particular classes 
of individuals occupying the vehicle seat in any of a variety of seating positions. The specific 
training of the NN will be discussed in greater detail below. However, it should be appreciated that 
the actual physical forms may be placed in a representative seat having the occupancy sensing system 
to generate the sensor outputs firom the array or the representative vector expression may be directly 
input to the NN as mathematical data. Regardless, the training of the NN to an LVQ algorithm 
produces the type of LVQ NN that is employed with the method of the present invention. More 
specifically, after training the LVQ NN, the method of the present invention uses the NN for 
recognition and classification of a physical presence occupying a vehicle seat having an occupancy 
sensing system. 

[0044] The method of the present invention will be described in general with reference to the 
flow chart generally indicated at 150 in Figure 6. The method steps begin at start entry block 152 
and continue to process block 154. Process block 154 senses the output of an array of sensors that 
detect a physical presence in a seat. Process block 156 continues and applies the sensor array output 
as a vector representation to a neural net that was trained using a learning vector quantization 
algorithm. Further, process block 158 then recognizing the sensor array output as falling within one 
of a group of predetermined classification patterns that represent a physical presence in the seat 
defined by size, weight, and physical orientation. The method finishes at the end retum block 160. 
It should be appreciated that this is an on-going repetitive process and after reaching the end retum 
block 160, the method is restarted and the start entry block 152. 

[0045] Figure 7 illustrates additional detailed steps that maybe included in the method of the 
present invention. The detailed steps of the method are generally indicated at 200 and begin at the 
start entry block 202. Process block 204 continues by initiating the NN. Certain predetermined 
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values that will be used by the NN to process the sensor array data are entered into the NN at process 
block 204. These predetermined values include: the number of inputs (i.e. individual sensors 46) 
that will be used in the array, the number of output classes, the number of output units (codebook 
vectors) per each class (expressed as K), and the trained codebook vectors themselves. It should be 
appreciated that the loading of these initial values need not be repeated each time the method repeats 
and re-determines an occupancy classification, but they may be required for each vehicle start if the 
information is not permanently stored in the NN. The method continues at process block 206, which 
reads the output of the sensor array and provides a vector expression of that output to the NN. 

[0046] Once process block 206 provides the sensor array data to the NN, the NN calculates 
the Euclidean distance of the vector expression input to each codebook vector as represented in 
process block 208. At process block 2 1 0, the NN determines which codebook vector is closest to the 
input vector expression. Then, in process block 2 1 2, the NN determines which of the predetemiined 
classifications are associated with the nearest codebook vector. Once the classification is 
determined, the NN outputs that information to the SRS control system for its use in control of the 
deployment of the restrain system as shown at process block 214. The method finishes at the end 
return block 216. It should be appreciated that this is an on-going repetitive process and after 
reaching the end retirni block 216, the method is restarted at the start entry block 202. In this 
manner, the method employs a properly trained LVQ neural net for pattem recognition and 
classification of the occupancy of a vehicle seat having an occupancy sensing system. 

[0047] To achieve this end result, the method of the present invention also includes steps to 
properly train the NN with an LVQ strategy. This portion of the method of the present invention will 
be described with reference to the flow chart generally indicated at 230 in Figure 8. The method of 
the present invention sequentially employs two LVQ training algorithms to train the LVQ NN to the 
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high degree of accuracy that has been unattainable in prior art method approaches and is needed for 
pattern recognition and classification of occupancy in a vehicle seat. In the preferred embodiment of 
the present invention, training algorithms LVQ 1 and LVQ2 are employed in training the NN. LVQl 
is utilized first for generally shaping the boimdaries of the classes by weighting and moving the 
codebook vectors individually. LVQ2 is utilized secondly to refine the boundaries by joint codebook 
vector adjustment between the classes to increase the acciu'acy of the NN. 

[0048] More specifically, the goal of the LVQl algorithm is to find the output unit (codebook 
vector) that is closest to the input vector (sensor array input) and adjust the respective weight vector. 
The closest codebook vector is determined using the Euclidean distance. Then the weight vector of 
the "winning" codebook vector is repositioned based on the class of both the input vector and the 
codebook vector. If the input vector and the codebook vector are associated with the same class, the 
weight vector is moved closer to the input vector. Otherwise, the weight vector is moved fiirther 
away fi'om the input vector. This reward/punish learning rule has the effect of minimizing the 
number of misclassifications, by reducing the density of codebook vectors (weighted) close to the 
decision (i.e. class) boundaries. 

[0049] The goal of the LVQ2 algorithm is to reposition the closest and next closest codebook 
vector if the input vector falls out on the wrong side of the decision boxmdary. In general terms, it 
should be appreciated that even though the classes are bounded and separated, the boundary itself 
may take up some dimensional space, such that a processed data input may fall essentially "on" a 
boundary. The LVQ2 algorithm uses three criteria for determining if repositioning is required. The 
first criterion is that the class of the closest codebook vector is not the same as the class of the input 
vector. The second criterion is that the class of the next closest codebook vector is the same as the 
class of the input vector. The final criterion is that the input vector must fall into the decision (class) 
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boundary. If these criteria are met, the closest codebook vector is moved further away from the input 
vector and the next closest codebook vector is moved closer to the input vector. This rule has the 
effect of allowing two weight vectors to learn, thus helping underutilized codebook vector to 
participate in the learning process. 

[0050] The neural network training portion of the method of the present invention is 
generally indicated at 230 in Figure 8. The method is initiated at the start entry block 232 and 
process block 234 continues by initiating the NN. Certain predetermined values that will be used by 
the NN to process the training data entered into the NN at process block 234. These predetermined 
values include: the number of inputs (i.e. individual sensors 46) that will be used in the array, the 
number of output classes, and the nxmiber of output units (codebook vectors) per each class 
(expressed as K). It should be appreciated that the loading of these initial values need not be 
repeated each time the training method repeats and re-determines an adjustment to the codebook 
vectors. The method continues at process block 236, at which the first LVQ training algorithm 
enters the predetermined values for the number of input training iterations and the learning rate that 
will be used. It should be appreciated that for the various training algorithms used in the related 
neural net art, it has been determined that there are ranges and optimal values for the number of 
training inputs (iterations) used and the rate at which the codebook vectors are moved (learning rate). 

[0051 ] In the preferred embodiment of the LVQ NN, the "K" codebook vectors (output units) 
for each class are initially set at two and may increment to five by the time the training iterations are 
complete. Also, in the preferred embodiment, the training iterations for the LVQl training are 
optimally 1000 although in the related art they may range as high as 10,000. Limitations are set for 
the nxmiber of iterations because in empirical practice it has been foimd that NNs reach a peak 
training point then start to degrade in accuracy if the training is continued too long. Further, in the 
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mathematical expression of the LVQl algorithm, a learning rate is used to set how far a codebook 
vector is moved, and thus how fast the NN trains for each training iteration. Limitations are set on 
this value as well, as it has been empirically shown that too fast a learning rate will cause the 
adjustments to the codebook vectors to constantly overshoot and cause learning oscillations that will 
degrade the accuracy of the NN or make it untrainable. Li the preferred embodiment, the learning 
rate for the LVQl training is optimally 0.1 although it may range from 0.08 to 0.2. 

[0052] The method continues at process block 238, and for the second LVQ training 
algorithm, predetermined values are entered for the number of input training iterations and the 
learning rate that will be used. In the preferred embodiment, the training iterations for the LVQ2 
training are optimally 2000 and the learning rate is optimally 0.08 although in the art it may range 
from 0.05 to 0. 1 . Decision block 240 is then reached which serves as a loop point in the method by 
determining if the training status is set as incomplete and if the K value is less than a predetermined 
amount. As mentioned above, the maximum K value in the preferred embodiment is five and, in the 
first pass through the method, the training is incomplete. Thus, the "yes" path is followed to 
decision block 242. 

[0053] At decision block 242, it is determined if the first LVQ training algorithm training 
iterations are less than their maximum. As mentioned above, the LVQl iterations are initially set at 
1000. Thus, this decision block must be reached 1001 times before the 'T>Io" path is taken. Given 
this consideration, decision block 242 sets up the LVQl training loop by taking the "Yes" path 
through process block 244 xmtil 1000 iterations have been completed. Process block 244 sends a 
training sample through the NN and the LVQl algorithm adjusts the weight of the nearest codebook 
vector. After the LVQl training iterations have incremented to their set value of 1000, the method 
follows the ''No" path to decision block 246. At decision block 246 it is determined if the second 
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LVQ training algorithm training iterations are less than their maximum. As mentioned above, the 
LVQ2 iterations are initially set at 2000. Thus, this decision block must be reached 2001 times 
before the '*No" path is taken. Given this consideration, decision block 246 sets up the LVQ2 
training loop by taking the "Yes" path through process block 248 until 2000 iterations have been 
completed. Process block 248 sends a training sample through the NN and the LVQ2 algorithm 
adjusts the weights of the two nearest codebook vectors to the training output. After the LVQ2 
training iterations have incremented to their set value of 2000, the method follows the "No" path to 
decision block 250. 

[0054] At process block 250, an independent set of data samples are run through the sensor 
array to test the performance of the NN after this first pass through the LVQ 1 and LVQ2 training has 
been completed. This is a separate set of data inputs different from the training sets used for the 
LVQl and LVQ2 training, and in this method step the codebook vectors are not adjusted. This step 
is generally referred to as validation with the new input data samples serving as the validation set. 
The accuracy of the NN in providing the correct classifications for the vaUdation set is compared to a 
desired predetermined accuracy level in decision block 252. This accuracy value may be set to any 
value, but in the preferred embodiment the desired accuracy is from 98 to 100%. Generally 
speaking, though possible, the nature of the LVQ NN will not likely rise to this level of accuracy on 
the first pass through the training iterations. In that case, the method will follow the '*Yes" path from 
decision block 252 to process block 254. Process block 254 will set the training status as incomplete 
and process block 256 will increment the nimiber of codebook values per class (K) by one. The 
method then returns to decision block 240 to determine if the training status is set as incomplete and 
if the K value is less than a predetermined amount. As mentioned above, the maximum K value in 
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the preferred embodiment is 5 and in the second pass through the method steps, the K value is now 3 
with the training status still incomplete. Thus, the "yes'* path is followed back to decision block 242. 

[0055] In this manner, it can be seen that the LVQl and LVQ2 training iterations will be 
repeated in process blocks 244 and 248 until the desired accuracy is reached at decision block 252. 
Once this occurs the "Yes" path will be followed from decision block 252 to process block 258. 
Process block 258 will set the training status to complete and the method will return to decision 
block 240. At this point, the determination that the training is incomplete with a K value less than 
the predetermined maximum at decision block 240 will cause the **No" path to be taken to process 
block 260 which stores the finaUzed, weighted, codebook vectors. Finally, the end return block will 
cause the method to exit the training process. It should be appreciated that the decision criteria at 
decision block 240 allows the "No" path to also be taken if the trakdng remains incomplete but the K 
value is incremented beyond its predetermined maximum. In this case, the finalized weighted 
codebook vectors will still be stored. However, the training process will have failed to cause the NN 
to reach the desired accuracy. When this occurs, the leaming rates or the iteration numbers may have 
to be adjusted and the NN retrained. In this way, the present invention overcomes the limitations of 
the current methods of pattem recognition and classification for vehicle seat occupancy that use 
neural nets by providing a control method that employs a trained neutral net having a leaming vector 
quantization algorithm. In addition, the method of the present invention overcomes the limitations of 
the current methods by properly training a NN with an LVQ algorithm to provide accurate pattem 
recognition and occupancy classification for a vehicle seat having an occupancy sensing system. 

[0056] The invention has been described in an illustrative manner. It is to be understood that 
the terminology which has been used is intended to be in the nature of words of description rather 
than of limitation. Many modifications and variations of the invention are possible in light of the 
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above teachings. Therefore, within the scope of the claims, the invention may be practiced other 
than as specifically described. 
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